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This  paper  presents  probabilistic  coordination  of  distributed  energy  resources  (DERs)  operation  in an
islanded  microgrid  with  consideration  of  the  associated  uncertainties.  In doing  so, a comprehensive
stochastic  mathematical  model  is  developed  which  incorporates  a set of  valid  probabilistic  scenarios
for  the  uncertainties  of  load  and intermittency  in  wind  and  solar  generation  sources.  The uncertainty
is  addressed  through  a combination  of  a stochastic  optimization  model  and  additional  reserve  require-
ments.  The  model  also  includes  hourly  interruption  costs  for a  variety  of  customer  types  as  a  means  ofistributed energy resources
icrogrid
mart grid
ncertainty
determining  the  optimal  probabilistic  interruptible  load  whose  reliability-based  value  is low  enough  to
enable  it  to be shed  if necessary.  A  case  study  is  carried  out  using  a  benchmark  microgrid;  numerical
results  demonstrate  that coordinated  operation  of  DERs  brings  notable  beneﬁts  in  terms  of expected
operation  costs  and  system  security.  This  probabilistic  coordination  further  reduces  the  consequences  of
the expected  power  dispatch  of  controllable  generators  and  hourly  unserved  power.
Crown  Copyright  © 2015 Published  by Elsevier  B.V.  This  is  an  open  access  article  under  the CC
BY-NC-ND  license  (http://creativecommons.org/licenses/by-nc-nd/4.0/).. Introduction
Driven by the need for realizing the smart grid concept and
he requirement for reliable integration of sustainable and green
nergy in a decentralized fashion, microgrids have received signiﬁ-
ant attention from researchers over the last decade [1]. Microgrids
an be deﬁned as medium or small power systems that are either
solated and control clusters of local Distributed Generation (DG)
nits and loads, or connected to the main grid as a means of supple-
enting supply requirements [1]. Energy resource scheduling in a
icrogrid is different from that of a large power network due to its
ize, power exchange with the main grid, and charging/discharging
f energy storage system (ESS) [2]. Indeed, controllable DGs in
 microgrid are much smaller than power systems, reﬂecting an
asier switching operation and hence a more ﬂexible scheduling
2]. However, today’s microgrids are subject to operational chal-
enges such as bidirectional power ﬂows and instantaneous power
alance, mainly in the presence of excessive renewable energy
eneration. Thus to provide reliable service, several controllable
nd non-controllable distributed energy resources (DERs) must
∗ Corresponding author. Tel.: +1 4169795000x6097; fax: +1 4169795280.
E-mail addresses: walharbi@uwaterloo.ca (W.  Alharbi), kraahemi@ee.ryerson.ca
K. Raahemifar).
ttp://dx.doi.org/10.1016/j.epsr.2015.06.010
378-7796/Crown Copyright © 2015 Published by Elsevier B.V. This is an open access ar
d/4.0/).interact in a smart microgrid in the presence of uncertainty. The
primary goal of this paper is to enable such interaction under
uncertainty, with an emphasis on islanded microgrids.
Numerous studies and control topologies related to the micro-
grid energy management problem have been reported in the
literature [3–12]. Basu et al. [3] proposed a differential evolu-
tion method for reducing fuel costs and emissions in a microgrid
based on a heat-and-power combination. The proposed model
included constraints related to real-time balance, DER capacity lim-
its, and heat balance inequality. A single optimization objective
was employed based on consideration of the cost of emissions as a
penalty factor. Ahn et al. [4] described an Economic Dispatch (ED)
model that accounts for active power reserve in case of isolated
operations. In this model, the operation of interconnected micro-
grids is kept stable by sharing power among different sections or
areas, with the main limitation being the capacity of the feeders
connecting the areas. Ross et al. [5] presented a Knowledge-Based
Expert System (KBES) that includes an hourly discrete scheduling
algorithm for an isolated microgrid. The KBES optimizes schedules
by minimizing the use of dump loads through incorporating an ESS,
thereby reducing operation costs and emissions.Conti et al. [6] presented an optimization procedure that enables
optimal dispatch of DGs and an ESS in a medium-voltage (MV)
islanded microgrid with the objective of minimizing both operation
costs and emissions. In this method, the proposed multi-objective
ticle under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-
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Nomenclature
Sets and indices
do demand variation downward
J, j set of indexes of the generating units
K, k set of indexes of the time periods
S, s set of indexes of the scenarios
up demand variation upward
Parameters
BUP,BDOWN maximum upward/downward variation (%)
Cmax,Cmin max/min allowable energy stored in the ESS
Cst, CE initial/ﬁnal energy stored in the ESS
PmaxES maximum allowable charge/discharge limits
Pmax
j
capacity of unit j (kW)
Pmin
j
minimum power output of unit j (kW)
PD,R-C-I
k,s
demand with DR for each type of customer in period
k, considering scenario s (kW)
PPV
k,s
power output of solar generation in period k and
scenario s (kW)
PW
k,s
power output of wind generation in period k and
scenario s (kW)
SRk,s spinning reserve requirement in period k and sce-
nario s (kW)
c, d charge/discharge efﬁciency of the ESS
S probability of occurrence of scenario s
Variables
ETC expected total cost of the microgrid ($)
PUP,R-C-I
k,s
demand increase in period k and scenario s, for
three types of customer (kW)
PDo,R-C-I
k,s
demand decrease in period k and scenario s, for
three types of customer (kW)
Ck,s energy stored in ESS until period k, considering sce-
nario s (kWh)
CDR,R-C-I
k
hourly price responsive demand for three types of
customer ($/kWh)
CInt,R-C-I
k
time-varying interruption cost for three types of
customer ($/kWh)
Pj,k,s output power of committed unit j in period k,
considering scenario s (kW)
PCH
k,s
charging power of the ESS in period k, considering
scenario s (kW)
PInt
k,s
power interruption in the load in period k and sce-
nario s (kW)
PDCH
k,s
discharging power of the ESS in period k, consider-
ing scenario s (kW)
PDEM
k,s
variable demand with DR in period k and scenario s
(kW)
Vj,k binary variable: =1 if unit j is online in period k; = 0
otherwise
VCH
k,s
binary variable: =1 if the ESS is charging in period k
and scenario s; =0 otherwise
VInt,R-C-I
k
binary variable: =1 if power is interrupted in period
k and scenario s; =0 otherwise
VDCH
k,s
binary variable: =1 if the ESS is discharging in period
O
l
o
[
The outage of generation units can lead to a supply shortage in ak and scenario s; =0 otherwise
ptimal Power Flow (OPF) problem is solved using a niching evo-
utionary algorithm capable of ﬁnding multiple optima and the
bjective function’s variations in their neighborhood. Jiang et al.
7] proposed a novel double-layer coordinated approach that offers Systems Research 128 (2015) 1–10
microgrid energy management under different modes of opera-
tion. The approach consists of two layers: the schedule layer which
provides an economical operating scheme; and the dispatch layer
which builds on the ﬁrst layer and considers the other constraints
of the system, such as power ﬂow and voltage limits. A smart
grid strategy has been proposed by Arabali et al. [8] for match-
ing renewable energy sources (RESs) with the controllable heating,
ventilation, and air conditioning loads using a hybrid system that
combines RESs and ESS. A generic algorithm based optimization
approach and a two-point estimation method were used to mini-
mize the cost and increase the efﬁciency of the hybrid system. Using
a stochastic framework, the authors further studied [9] the optimal
sizing and reliability of the hybrid system. A pattern search opti-
mization method and a sequential Monte Carlo simulation were
employed to minimize the system cost and stratify the reliability
requirements. In a number of other models proposed for optimi-
zing the operation of microgrids [10–14], DERs and loads are fully
controlled by the microgrid aggregator which is treated as a non-
proﬁt agent. In these studies, the objective was  either to minimize
the operating costs of the entire microgrid or to maintain a balance
between the demand and local generation.
To the best of our knowledge, the variability and uncertainty
impacts of excessive renewable energy generation on the unit
commitment decisions and real-time dispatch of a microgrid with
controllable DGs in the presence of ESS, demand response (DR)
and interruption loads have not been investigated before. Thus,
this paper examines probabilistic coordination of DERs on micro-
grid operation considering the associated uncertainties and hourly
interruptible loads for a variety of customers. The work presented
in this paper can be summarized as follows:
(1) A comprehensive stochastic mathematical model has been
developed to enable operation interactions of DERs under
uncertainty in an islanded microgrid in order to mitigate the
variability and intermittency associated with large-scale inte-
gration of renewable energy generation.
(2) The coordinated inﬂuence of DERs on microgrids’ operation has
been examined with respect to their independent presence and
with consideration of the stochastic operational framework.
(3) The hourly interruption cost for a variety of customers has been
incorporated as a means to determine the optimal probabilis-
tic load interruption, if required. The effects of probabilistic
coordination of DERs on load interruptions have also been
investigated.
The structure of the paper is as follows. Section 2 discusses the
main approaches proposed in the literature for handling uncertain-
ties in energy management problem, followed by a description of
the uncertainty sets created for representing the load, wind, and
solar power forecasting errors addressed in this work. A compre-
hensive mathematical model of the energy management problem
for isolated microgrids is introduced in Section 3. The developed
model was applied to a benchmark microgrid; the numerical results
are presented and discussed in Section 4. The paper is concluded in
Section 5.
2. Managing uncertainty in the operational planning
problem
Two main types of uncertainty affect power system operations:
outage of the generation units and departures from the forecasts.system, which is usually met  from both spinning and non-spinning
operating reserves. Departures from the forecasts resulting from
uncertain loads and the integration of RESs add additional
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perational uncertainty. Wind and solar generation depend on
ind speed and solar irradiance, respectively, which are difﬁcult to
redict accurately. Indeed, the effects of the uncertainty associated
ith wind and solar generation are more signiﬁcant in microgrids
ue to the high penetration levels of such resources. There are
umerous reports of a variety of methods that take into account
he uncertainties arising from load, wind, and solar power fore-
asting errors [15–17]. When it comes to managing uncertainty in
he operational planning, we adopted the approaches employed by
hen et al. [15] and Saber and Venayagamoorthy [16], i.e., inclu-
ion of reserve requirements and stochastic optimization models.
s reported by Ruiz et al. [17], combining the aforementioned
wo approaches leads to superior unit commitment (UC) policies
nd enhanced representation of the uncertainties. Reserve require-
ents are determined from the forecasting errors set out by Chen
t al. [15], which are represented in this paper as a percentage of
oth the load demand and the wind and solar power output. With
tochastic optimization models, it is difﬁcult to consider all con-
inuous states of the uncertainties. Therefore, for simplicity, in this
aper a set of representative discrete states have been extracted.
he discrete probability distribution sets of load (ı), wind (W),
nd solar power (ıPV) forecasting errors are represented as follows
16]:
D =
{(
P1D, 
1
D
)
,
(
P2D, 
2
D
)
, . . .
(
PnD, 
n
D
)}
(1)
W =
{(
P1W, 
1
W
)
,
(
P2W, 
2
W
)
, . . .
(
PqW, 
q
W
)}
(2)
PV =
{(
P1PV , 
1
PV
)
,
(
P2PV , 
2
PV
)
, . . .
(
PmPV , 
m
PV
)}
(3)
In Eq. (1), PiD is the power demand associated with each state
n the forecasting error probability distribution function, iD is the
orresponding probability of uncertain load, and n is the number
f states in the discrete set. The discreet sets of wind and solar
ower forecasting errors, Eqs. (2) and (3), are described similarly.
he states’ probabilities should be equal to 1, as follows:
n
i=1
iD =
q∑
i=1
iW =
m∑
i=1
iPV = 1 (4)
The discrete sets in Eqs. (1)–(3) are used to create a set of pos-
ible scenarios as given by (5), representing possible deviations
rom the forecasted values of load, wind, and solar power. Each
cenario has a probability is which is equal to the product of the
robabilities of the states corresponding to that scenario. For exam-
le, if a scenario s, for a given state i, has xpv% more solar power
ith probability PV, xw% less wind power with probability w ,
nd xd%  less load with probability d, then Pspv(t) = (1 + xpv%)Ppv(t),
s
W(t) = (1 − xw%)Pw(t), Psd(t) = (1 − xd%)Pd, and their joint proba-
ility is pvWd.
S
i=1
is =
S∑
i=1
id
i
w
i
pv = 1 S = n × q × m (5)
here S is the total number of scenarios.
The scenarios extracted and their corresponding probabilities
re then included in the formulation of the microgrid energy man-
gement model.
. Comprehensive mathematical model of microgrid
nergy managementThe mathematical model is formulated as a multi-scenario
ixed Integer Linear Programming (MILP) model. The model’s
bjective is to minimize the expected total cost (ETC) over a period Systems Research 128 (2015) 1–10 3
of 24 h, as follows:
ETC =
∑
s∈S
s
⎡
⎣∑
k∈K
∑
j∈J
(
Cj
(
Pj,k,s
)
+ SUj,k
)
+
∑
k∈K
CES ·
(
VCHk,s + VDCHk,s
)
+
∑
k∈K
PInt,R-C-I
k,s
· CInt,R-C-I
k
+
∑
k∈K
Pdo,R-C-I
k,s
· CDR,R-C-I
k
]
(6)
where CInt,R-C-I
k
= fch(k) × pc;  CDR,R−C−Ik = WDR × fch(k) × pc
fch(k) represents the interruption cost hourly factor, pc desig-
nates the average interruption cost based on the sector customer
damage function [18,19], and WDR is the weight factor of the effect
of DR on customers.
The ﬁrst term in Eq. (6) indicates the expected operating cost
of the generators, which includes linearized fuel cost and the
start-up cost of unit j [20]. The readers may  refer to [20] for an
explanation of the linearization form of the fuel cost and start-
up cost of controllable generators. The second term denotes the
expected operating cost of the ESS. The expected cost of power
interruption is represented by the third term while the last term
of the equation signiﬁes the expected cost of the responsive
demand.
3.1. Demand-supply balance
This constraint ensures that the total generation meets the fore-
casted demand in period k, as presented in Eq. (7) which includes
wind and photovoltaic (PV) generation, ESS, DR, and power inter-
ruption. The variable demand PDEM,R-C-I
k,s
represents the resulting
demand for each type of customer at hour k after demand shifting
has taken place, and can be more or less than the original demand
PD,R-C-I
k,s
, as deﬁned in (8) [21]:
∑
j∈J
Pj,k,s + PWk,s + PPVk,s = P
DEM,R-C-I
k,s
+ PESSk,s + P
Int,R-C-I
k,s
∀ s ∈ S (7)
where
PESSk,s = PCHk,s − PDCHk,s ∀ s ∈ S (8)
PInt,R-C-I
k,s
= PInt,R
k,s
+ PInt,C
k,s
+ PInt,I
k,s
∀ s ∈ S (9)
PDEM,R-C-I
k,s
= PD,R-C-I
k,s
+ PUP.R-C-Ik,s − P
Down,R-C-I
k,s
∀ s ∈ S (10)
PD,R-C-I
k,s
= PD,R
k,s
+ PD,C
k,s
+ PD,I
k,s
∀ s ∈ S (11)
PUP.R-C-Ik,s = PUP.Rk,s + PUP.Ck,s + PUP.Ik,s ∀ s ∈ S (12)
PDown.R-C-Ik,s = PDown.Rk,s + PDown.Ck,s + PDown.Ik,s ∀ s ∈ S (13)
To prevent the customer’s activities from being shifted to the
next day, the demand variation must be balanced within the 24-h
operating horizon, as in (14). The maximum demand that can be
shifted from 1 h to another is given by (15) [21]:∑
k∈K
PUP,R-C-I
k,s
=
∑
k∈K
PDown,R-C-I
k,s
∀ s ∈ S (14)(
BR-C-I
dp
BR-C-IUP
)
· PD,R-C-I
k,s
≥
(
PDown,R-C-I
k,s
PUP,R-C-I
k,s
)
∀ s ∈ S (15)
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where Vm, V1, Vr, and Vcut-out are the wind speed, cut-in speed,
speed at the rated power, and cut-out speed, respectively. Table 1Residential
Fig. 1. Load proﬁle o
.2. Spinning reserve requirements of a microgrid
This constraint ensures that the microgrid spinning reserve
equirements are met  in period k.
j∈J
(
Pmaxj · Vj,k − Pj,k,s
)
+ DCH ·
[
Ck,s − Cmin
]
≥ Rk,s + D · PD,R−C−Ik,s
+ W · PWk,s + PV · PPVk,s ∀ s ∈ S (16)
here D, W, and PV are the forecasting error factors for load,
ind, and solar, respectively.
The ﬁrst term of Eq. (16) presents the net available capacity
f all committed controllable DGs, and the second term denotes
he available capacity of the ESS. The last four terms of the equa-
ion represent the spinning reserve requirements. In fact, the last
hree terms are the extra reserves added to mitigate the effects of
ncertainties on the load, wind, and solar power forecasts.
Each controllable generator is also subject to its own operating
onstraints, such as ramp-up/ramp-down, minimum up and down
imes, generation output limits, and logical and initial constraints
20].
.3. Energy storage systems
The following equations represent the operational constraints
f the ESS [15]:
Power discharge and charge limits:
DCH
k,s ≤ PmaxES · VDCHk,s ∀ s ∈ S (17)
CH
k,s ≤ PmaxES · VCHk,s ∀ s ∈ S (18)
Discharging and charging dynamics:
k+1,s = Ck,s − dk · PDCHk,s /DCH + dk · PCHk,s · CH ∀ s ∈ S (19)
ESS operational end points and energy storage limits:
0,s = CSt, CK,s ≤ CE ∀ s ∈ S (20)
min ≤ Ck,s ≤ Cmax ∀ s ∈ S (21)
Coordination of charging and discharging operation:
DCH
k,s + VDCHk,s ≤ 1 ∀ s ∈ S (22)
.4. Load interruption
In order to protect the system’s security, load interruption is
nvoked in cases of excess demand. Moreover, additional load inter-
uption should take place to free up a portion of the capacity of the
ontrollable unit to provide the required spinning reserve, mainly
n cases where ESSs are not included in the system. Eq. (23) presents
oad interruption decision variable which is only utilized when
ecurity risks are present. However, this condition is nonlineardustrial Commercial
case study network.
and must be linearized to preserve the MILP formulations. Thus
Eqs. (24)–(26) are added to represent the linearization form of the
security action to ensure any excess load is interrupted in order to
maintain power balance.
VInt,R-C-I
k,s
=
{
1 if PW
k,s
+ PPV
k,s
+
∑
j∈J
(
Pmax
j
· Vj,k
)
− SRks < PD,R-C-Ik,s
0 Otherwise
}
(23)
PW
k,s
+ PPV
k,s
+
∑
j∈J
(
Pmax
j
× Vj,k
)
− PD,R-C-I
k,s
− SRks ≤ (1 − VInt,R-C-Ik,s ) ∀ s ∈ S (24)
−PW
k,s
− PPV
k,s
−
∑
j∈J
(
Pmax
j
· Vj,k
)
+ PD,R-C-I
k,s
+ SRks ≤  · VInt,R-C-Ik,s ∀ s ∈ S (25)
PInt,R-C-I
k,s
≤  · V int,R-C-I
k,s
∀ s ∈ S (26)
4. Model scenarios, results, and analysis
4.1. System under study
The model was validated using a benchmark microgrid consist-
ing of 12 controllable DGs, a wind turbine (WT), a PV system, and an
ESS. The total installed capacity in the microgrid system is 4 MW,
with a renewable penetration level of 49%. The installed capacities
of controllable DGs, WT,  and PV systems are 2.04 MW,  0.52 MW
(4 × 0.14 MWp), and 1.44 MW (4 × 0.14 0.36 MWp), respectively
[22]. The 24-h load proﬁle for the microgrid, which includes the
commercial, residential, and industrial loads derived from [23], is
shown in Fig. 1. Fig. 2 shows the hourly PV output power proﬁle.
The power output formulation of wind generation can be expressed
as follows [22,24]:
Poutw =
⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪
0 0 ≤ Vm ≤ V1
aV4m + b V3m + cV2m + dVm + e V1 ≤ Vm ≤ Vr
Prated Vr ≤ Vm ≤ Vcut-out
(27)Fig. 2. PV output proﬁle for the microgrid system.
W.  Alharbi, K. Raahemifar / Electric Power Systems Research 128 (2015) 1–10 5
0
2
4
6
8
10
12
14
16
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
W
in
d 
sp
ee
d,
 
m
/s
Tim
Fig. 3. Wind speed proﬁle for 
Table 1
Wind plant data.
Prated V1 Vr Vcut-out a b c d e
p
ﬁ
E
b
m
[
s
i
a
r
c
1
c
0
t
t
a
a
w
c
n
i
t
u
o
t
r
e
c
T
T140 3.00 15.01 17.00 −0.015 0.33 −0.9 −2.10 7.10
resents the wind plant data, and Fig. 3 shows the wind speed pro-
le. The microgrid operator is assumed to own  and operate the
SS. The average ESS operating cost is estimated to be 0.54$/kWh,
ased on two operating cycles per day, with 1200$/kWh of invest-
ent at an 8% annual rate of return for a life span of 3000 cycles
25]. The ESS considered to be associated with this microgrid is a
ingle-layer Vanadium Redox Flow Batteries [5]. For the ESS, PmaxES
s 150 kW,  Cmax is 900 kWh, CS and CE are 0.5 p.u., and the charging
nd discharging efﬁciencies are 0.85 [5].
One-third of the load is assumed to be critical. The spinning
eserve requirement for each hour is considered to be 10% of the
ritical load for that hour. The shiftable demand is assumed to be
5% for each type of customer. The hourly average interruption
osts for residential, commercial, and industrial customers are
.482$/kW, 8.552$/kW, and 9.085$/kW, respectively [18]. The
ypical hourly factors for the interruption costs associated with
he three types of customers are shown in Fig. 4. All customers
re assumed to be informed about demand shifting in advance,
nd since demand shifting has less effect than shedding, the
eight factor for a demand response is assumed to be 0.5. The
onstant  used in the linearized Eqs. (18)–(20) is a large arbitrary
umber to ensure those equations are satisﬁed. The value of 
s 10,000. A normal ﬁve-state discrete probability distribution of
he forecasting errors related to load, wind, and solar power is
sed to represent the uncertainty, as given in Table 2 [16]. A total
f 125 scenarios were thus generated using a two-stage scenario
ree. The forecasting error factors applicable to the spinning
eserve constraint were adopted from the paper by Rahimiyan
t al. [14]: D = 0.03, W = 0.13, and PV = 0.09. Data of pollution
ontaminants of different generators can be found in [26]. The
able 2
he discreet probability distribution of forecasting errors.
Load Wind Solar
∈ (%) Prob. (∈) ∈ (%) Prob. (∈) ∈ (%) Prob. (∈)
−2.5 0.05 −2.5 0.10 −2 0.05
−1  0.15 −1 0.15 −1.5 0.15
0  0.60 0 0.50 0 0.60
+2  0.15 +1 0.15 +1.5 0.15
+3  0.05 +2.5 0.10 +2 0.05e, h
the wind power output.
developed comprehensive mathematical model was solved using
the CEPLX solver in the GAMS platform [27].
4.2. Results and analysis
The objective of the microgrid operator is to minimize the total
expected operation cost by optimizing the DERs schedules which
include controllable and uncontrollable DGs, ESS, DR and inter-
ruption loads. In order to demonstrate the effectiveness of the
proposed framework, the following four cases were examined and
run in this study:
• Case-1 (base case): RESs, controllable DGs, and interruptible
loads.
• Case-2 (ESS case): RESs, controllable DGs, interruptible loads, and
ESS.
• Case-3 (DR case): RESs, controllable DGs, interruptible loads, and
DR.
• Case-4 (coordination case): RESs, controllable DGs, interruptible
loads, ESS, and DR.
The ﬁrst case ignores the ESS and DR and focuses on the impact
of the variability and uncertainty arising from renewable energy
generation, and the amount of load interruptions needed to ensure
system security and reliability. The ESS is included in Case-2 while
DR is considered in Case-3. A combination of both ESS and DR is
represented by Case-4. Table 3 represents the expected simulation
results for each case for an isolated microgrid. In Case-1, when the
system load exceeds the total generation capacity, the expected
excess load is interrupted, with the timing and amount of the inter-
ruption being chosen according to its hourly interruption value. An
additional load interruption also frees up a portion of the control-
lable DG to provide the required spinning reserve in the system,
primarily in Case-1 and Case-3. This load interruption is reduced
as additional ﬂexibility, in terms of smart grid components, and is
introduced into the microgrid. Thus, the fourth case entails the least
amount of load interruption among all cases. In fact, Case-4 is con-
sidered as an economic and reliable case (lower total operating cost
and fewer load interruptions) in which effectiveness and efﬁciency
are gained by coordinating the operation of all smart grid energy
resources of the microgrid, with consideration of the uncertainties
involved.
Table 4 shows changes in the expected unit commitment (UC)
decisions from Case-1 to Case-4, over a period of 24 h. The gray
cells are those changing from ON-state to OFF-state and vice versa.
For instance, the decision of DG2 changed from off-state (Case-1)
to on-state (Case-4) during hours 6–10, while the decision of DG5
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Fig. 4. Interruption cost hourly factors for the three types of customers during 1 day.
Table 3
Cost components and emissions for islanded microgrids.
Case Expected operating
cost ($)
Expected
interruption cost
($)
Expected DR
cost ($)
ETC ($) Expected emissions
(Ib/kWh)
1 4164 2290 0 6454 4101
2  4323 584 0 4907 4223
3  4200 772 191 5163 4161
4  4379 292 120 4791 4284
Table 4
Unit commitment decisions for an isolated microgrid.
Hour 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Generator
DG1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
DG2  1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
DG3  0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1
DG4  0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 1 1 1
DG5  0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 0
DG6  0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 1 0
DG7  0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 0
DG8  0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 1 0
DG9  0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 1 1 1 1 0
0 
0 
0 
c
1
a
a
b
D
aDG10  0 0 0 0 0 0 0 0 0 0 0 
DG11  0 0 0 0 0 0 0 0 0 0 0 
DG12  0 0 0 0 0 0 0 0 0 0 0 
hanged from on-state (Case-1) to off-state (Case-4) during hours
–16. It can be noticed that probabilistic coordination of DERs oper-
tions makes UC decisions of controllable DGs smooth and without
ny ﬂuctuation, and thus reduces the total expected operation cost
y reducing the starting up and shutting down costs of controllable
Gs.
Fig. 5 illustrates the effects of the variability and uncertainty
ssociated with wind and solar generation on the power dispatch
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Fig. 5. Optimal dispatch of controllable DGs (worst scenario).0 0 0 0 0 0 0 1 1 1 1 0
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of controllable DGs during the worst scenario, in which the load
proﬁle exhibits the highest positive values compared to the pre-
fect forecasted values, while the wind and solar energy generation
proﬁles have the highest negative values relative to their prefect
forecasted values. It can be observed that coordinating the DERs,
as in Case-4, further ﬂattens the net demand and hence reduces
the impact of variability and uncertainty on the real-time dispatch
of controllable DGs. During peak times, in Case-2 and Case-4, the
DGs are dispatched to their fully installed capacities since the ESS
is considered to be providing the required spinning reserve in the
system.
Furthermore, the power dispatch of controllable DGs for 2 of the
125 scenarios, i.e., the best and worst scenarios, are compared with
that of the prefect scenario. The worst scenario has been deﬁned
above. In the best scenario however, the load proﬁle has the high-
est negative values compared to the prefect forecasted values and
the wind and solar energy generation proﬁles exhibit the high-
est positive values relative to their perfect forecasted values. The
power dispatch of controllable DGs for the worst and best scenar-
ios and the perfect forecast for Case-1 and Case-4 are presented in
Figs. 6 and 7, respectively. Fig. 6 shows the impact of high variabil-
ity and uncertainty of renewable power generation on the power
dispatch of controllable DGs, mainly during the best and worst
W.  Alharbi, K. Raahemifar / Electric Power Systems Research 128 (2015) 1–10 7
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Fig. 7. Dispatch deviations fr
cenarios. In the best scenario, the power dispatch of controllable
Gs reduces with respect to the prefect forecast. In the worst sce-
ario however, the power dispatch of controllable DGs increases.
n contrast probabilistic coordination of DERs either shrinks the
ap between the worst/best scenario and the prefect forecast in
rder to reduce the renewable variability and uncertainty effects
n power dispatch of controllable DGs, or widens the gap during
ff-peak periods to charge the ESS and/or induce optimal DR to
se during on-peak hours (Fig. 7), and therefore further reduces
he total expected operation costs. It is worth noting that the gap
etween the best/worst scenario and prefect scenario is created
rom forecasting errors of load, wind and solar energy generation
roﬁles.
Fig. 8 shows ESS charging/discharging behaviors and state of
harge of the ESS during the worst scenario, both alone and in coor-
ination with the DR. Similarly, DR behaviors with and without ESS
re illustrated in Fig. 9. Fig. 8a shows the charging and discharging
ycles of ESS which follows the load proﬁle when DR is not consid-
red. This means charging ESS during off-peak and discharging it
uring on-peak periods. However, this behavior is changed when
he ESS is in coordination with DR, which in this case follows the
riginal load plus the deferrable loads. Fig. 8b represents the state
f charge of the ESS according to its charging/discharging behaviors
able 5
ost components for islanded microgrids considering higher forecasting errors.
Case Expected operating
cost ($)
Expected
interruption cost
($)
1 4181 2407 
4  4459 265 e perfect forecast for Case-4.
over a period of 24 h. Fig. 9 shows that the ESS has no signiﬁcant
impact on DR since the DR is derived primarily from its respon-
sive price, and hence occurs when the price is low. However, the
opposite is not true because the DR can play a signiﬁcant role in the
amount of discrepancy between the expected power generation
and load and thus it will have a signiﬁcant effect on ESS charging
and discharging behaviors.
Since the hourly interruption cost is not as high for residen-
tial customers as for commercial or industrial customers, when an
excess demand occurs the residential loads are interrupted ﬁrst to
ensure system security. The expected hourly interruptible loads for
residential customers during the worst-case scenario are shown
in Fig. 10. The optimal probabilistic load interruption is clearly
induced, mainly during peak times, and varies noticeably from case
to case, depending on the condition and ﬂexibility of the system. It
is worth noting that, to ensure system security in Case-1, not only
the residential load, but also the commercial load is interrupted
(Fig. 11).
A sensitivity analysis is carried out to assess the impact of higher
forecasting errors of renewable energy generation and load on
microgrid operations and system security. The higher uncertainties
are obtained by assigning a large standard deviation to the probabil-
ity density functions of the forecasting errors. The new distribution
Expected DR
cost ($)
ETC ($) Expected emissions
(Ib/kWh)
0 6588 4123
80 4804 4287
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Fig. 9. DR behavior with and withouunctions are generated using Table 2, by multiplying the forecast-
ng errors by 1.75 and maintaining the same probability. Table 5
resents the expected simulation results for the base case and coor-
ination case of the isolated microgrid. It can be observed that the
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Fig. 10. Optimal interruptible residential loads foESS during the worst-case scenario.expected operation cost of the coordination case (Case-4) is still less
than those of Case-2 and Case-3 (Table 3) where higher forecasting
errors were not considered. This shows probabilistic coordination
of DERs operation reduces the risk in scheduling and increases the
2 15 18 21 24
e, h
Case-3 Cas e-4
r each case during the worst-case scenario.
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Table 6
Model statistic for each case.
MILP – optimization model
Case 1 2 3 4
Generation time (s) 3.93 4.07 3.75 4.16
Execution time (s) 7.47 8.22 7.55 8.51
ﬂ
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[
[
[Elapsed time (min) 1.06 14.33 0.73 13.61
Iteration count for convergence 78,544 262,740 76,672 283,383
exibility of microgrid in mitigating the effects of higher forecasting
rrors with minimum cost.
Table 6 shows the generation time, execution time, elapsed
ime, and iteration count for convergence for each of the four cases
f the developed model. The execution time increases when the
SS is included in the model, and thus a decomposition approach
s required to allow the proposed model to be solved within the
esired window of time to make it suitable for real-time applica-
ions.
It is worth noting that this paper focuses on the system’s
teady-state behavior and ignores its dynamic behavior. However,
he microgrid operator should be capable of handling dynamic
ssues since the system has enough small generation units with
igh operational ﬂexibility in terms of ramping-rates, minimum-
p/minimum-down times, and start-up/shut-down times to
espond quickly in order to mitigate any transient issue. Fur-
hermore, the proposed framework enhances system ﬂexibility by
oordinating operations of DERs and thus makes the system further
apable of handling dynamic matters with the least operation cost,
s illustrated in the steady-state study.
. Conclusions
The signiﬁcant increase in penetration of renewable energy
eneration is expected to affect the operational aspects of power
ystems and more speciﬁcally isolated microgrids that mainly rely
n renewable energy sources. Indeed, the issue of UC schedules
nd real-time dispatch of a microgrid with controllable DGs is more
omplicated in the presence of high wind and solar generation pen-
tration. To address these operational challenges, it is necessary
o manage the variability and uncertainty associated with these
nergy sources. It has become clearer than ever that a ﬂexible
icrogrid is vital. In this paper, a comprehensive stochastic mathe-
atical model has been developed to enable operation interaction
f DERs under uncertainty in islanded microgrids. Hence prob-
bilistic coordination of DERs on microgrid operations has been
xamined with respect to their independent presence and with
onsideration of the hourly interruption cost for residential, com-
ercial, and industrial customers in order to determine the optimal
[e, h
for Case-1 during the worst-case scenario.
probabilistic interruptible load, if required. The simulation results
show that coordinating all smart grid energy resources signiﬁcantly
enhances energy management of the microgrid and further reduces
the expected total operation cost and helps maintain grid balance
under high penetration of RESs, especially when higher forecasting
errors are considered. Furthermore, although DR behavior may  not
be signiﬁcantly affected when coordinated with an ESS, the reverse
is not true. DR may  impact not only the ESS charging/discharging
behavior, but also its optimal sizing. The aforementioned raises
an interesting research question worthy of future investigation,
especially with respect to the possible implementation of islanded
microgrid systems in smart distribution networks.
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